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Over blurE 74A17Zl Deep CNN +&
Implementation of Deep CNN denoiser for
Reducing Over blur
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Abstract

In this paper, we have implemented a network that overcomes the over-blurring phenomenon that occurs when
removing Gaussian noise. In the conventional filtering method, blurring of the original image is performed to remove
noise, thereby eliminating high frequency components such as edges and corners. We propose a network that reducing
over blurring while maintaining denoising performance by adding denoised high frequency components to denoisers based
on CNN.
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Fig. 1. DnCNN'’s architecture.
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Table 1. The PSNR according to subtraction.
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Table 2. The PSNR of each training method.
* 2 shEdtHol| mZ2 PSNR Z3b
Training method PSNR
High frequency 28.60
Low frequency 28.80
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Fig. 6. DNCNN's denoising result.
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Fig. 7. Proposed network’s result.
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